This paper is concerned with the problem of automatic colorization of grayscale images via color transfer. Some deficiencies of Welsh's colorization algorithm are pointed out and analyzed. Then, a new colorization algorithm is proposed, which uses a new similarity function and a new search strategy for pixel matching. The new function incorporates both the luminance information and chromatic values of previously colorized neighboring pixels. The intrinsic space clustering property of an image is taken into account in the strategy by using Hilbert filling curve scanning order. Experimental results showed that the proposed algorithm outperforms Welsh's algorithm in both colorization effect and computational complexity. Moreover, the proposed similarity function and search strategy can easily be embedded into other colorization algorithms to improve their performance.
be polychrome. In 2002, Welsh et al. [1] first presented an automatic colorization algorithm. The idea behind it was to transfer a source color image's color characteristics to a target grayscale image. The algorithm has been widely used as a basic framework in later documents or has served as the starting point of many other colorization algorithms [2] [3] [4] [5] [6] [7] . In Welsh's algorithm, pixel matching criterion and search strategy play an important role in ensuring the effect of colorization. However, there are some deficiencies with it. Firstly, a gray pixel's best matching pixel in the source image is determined using the pixel luminance and the standard deviation of the luminance in the pixel neighborhood. This means that only the luminance information is used for pixel matching. As a matter of fact, much information other than luminance in the process of color transfer, say the chromatic values of previously colorized pixels, had been dynamically obtained and it is a pity not to use them to improve colorization effect. Secondly, the selection of best matching color points of two neighboring gray pixels is carried out independently, without taking into account the space clustering property of neighboring pixels. This would inevitably reduce the efficiency and accuracy of matching since a meaningful image would display a good coherence level.
The purpose of this paper is to present an improvement to the Welsh's framework. There are two key points involved. One point is to use not only the luminance information but also the dynamic chromatic channel information of those pixels of the target that have already been colorized. The other point is to employ the intrinsic space clustering property of the target image so that the strategy for searching a best matching point of neighboring pixels differs from each other according to their spatial relevance. To foster the implementation of this strategy, Hilbert filling curve scanning rather than the row-wise scanning is used in our algorithm so as to take advantage of its power in preserving the space coherence level. Experiments showed that our algorithm outperforms Welsh's algorithm in both colorization effect and computational overhead.
The remainder of this paper is organized as follows. Section 2 briefly describes Welsh's algorithm and analyzes its weakness in a more detailed way. In section 3, we present the improved algorithm. Experimental results are given in section 4 together with comparisons with Welsh' algorithm and in section 5, we conclude.
WELSH'S COLORIZATION ALGORITHM AND ANALYSIS
Inspired by work due to Reinhard et al. [8] in which color is transferred between two color images, Welsh introduced a general technique for "colorizing" grayscale images by transferring color from a source, color image to a destination,
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A new colorization algorithm based on dynamic neighbor-relevant chromatic channel information grayscale image. The general procedure for color transfer in Welsh's algorithm requires a few simple steps. First each image is converted into the lαβ color space. Next, go through each pixel in the grayscale image in scan-line order and select the best matching pixel in the color image using neighborhood statistics. The best match is determined by using a weighted average of pixel luminance and the neighborhood statistics. The chromaticity values (α,β, channels) of the best matching pixel are then transferred to the grayscale image to form the final image. More precisely, these steps can be described as follows:
Step 1: convert both source (color) and target (grayscale) images from RGB into lαβ space.
Step 2: perform luminance re-mapping [9] , that is to linearly shift and scale the luminance histogram of the source image to fit the histogram of the target image. This helps create a better correspondence in the luminance range between the two images but does not alter the luminance values of the target image.
Step 3: for each pixel p in the grayscale image in line-scan order, find its best matching pixel q* in the source image which is the minimum solution of the following similarity function:
where l t and are respectively the luminance of pixel p and the standard deviation of luminance values in its d-neighborhood, l s (q) and are respectively the luminance of a pixel q in the source image and the standard deviation of luminance values of its d-neighboring pixels.
Step 4: transfer chromatic channels (α,β) of the best match q* to the target pixel p but retain the original luminance value of p.
Step 5: return to RGB space and stop. The color transfer is completed.
A couple of improved versions of Welsh's algorithm have been proposed. For instance, Welsh himself suggested the use of an user-interaction based sampling technique to deal with color transfer between complex images [1] . Zhao et al. [3] modified the re-mapping process by using higher moments to get more consistent luminance distributions of both source and target images before color transfer. Di Blasi G [2] adopted some clustering techniques and Tai et al. [5] employed segmentation by expectation maximization, both for better determining the corresponding blocks for color transfer. Other improved versions were based on image retrieval technology to select appropriate source images [10] . Regardless of the diversity of the improvements, the core components of Welsh's algorithm remain unchanged and play a decisive role in these improved algorithms.
However, we shall point out below some deficiencies of the core components. We also outline our basic ideas for improvement. Obviously, Step 3 is a crucial step where the best matching is to be found via minimizing a similarity function which is defined as a weighted average of pixel luminance and the neighborhood statistics. This matching mechanism works reasonably well when corresponding color regions between the images also correspond in luminance [1] . Otherwise, there may exist inappropriate matchings, affecting the final colorization effect. Let us look at an example with the images shown in Fig. 1 . Note that the source color image has already been chosen to be similar in nature to the target grayscale image so that the overall colorization effect could be guaranteed using Welsh's algorithm. However, it can be observed from Fig. 1 (c) that there are some blue spots scattered on the smooth grassplot which is surely not harmonious. In other words, these pixels on the grassplot find by error their best matching ones in the sky-blue part of the color source image. One reason for this phenomena is that the similarity function (1) contains only luminance information and is insufficient for properly identifying the best matching pixels. Actually, more and more target pixels are colorized as the color transfer goes on. It is therefore logical to make use of the chromaticity information of these already colorized pixels to facilitate the subsequent color transfer. A new similarity function can thus be constructed along this line. This idea will be materialized in our algorithm.
Another reason for the erroneous matching is that the intrinsic space clustering property of neighboring pixels is not well employed. It is known that colorizing a grayscale image can actually be viewed as a mapping from one dimension to three dimensions. Hence, to get a better colorization effect, any potentially helpful information should be cherished and used to its full play. This point will be further discussed in the next section.
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A NEW COLORIZATION ALGORITHM
In this section, we shall describe our improved algorithm that uses a new similarity function and a neighbor-relevant search strategy for pixel matching.
A New Similarity Function
Let p be a pixel to be colorized, n be the number of previously colorized pixels 
where represent respectively the means of α and β chromatic channel values of the previously colorized pixels (black in Fig. 2 ) in the d-neighborhood of p, while represent respectively the means of α and β chromatic channel values of the pixels (hatched in Fig. 2 ) in the d-neighborhood of a candidate pixel q in the source image that correspond in position to the colorized target pixels. In particular, if we set k 1 = 1 and k 2 = 0, then E′(q) = E(q).
With this new similarity function, the search of best matching pixels counts not only on the luminance information but also on some useful auxiliary color information. The policy for choosing the weight k 2 for the color information related term is as follows: firstly, it must be directly proportional to γ d (p), indicating that the more the already colorized pixels, the greater the color information related term contributes; secondly, k 2 is usually smaller than k 1 , this is because the luminance information is objective and real, whereas the chromatic values of the colorized pixels are obtained from the source image through some color transfer and are thus not as real and credible as the luminance information. It turned out that this policy works well.
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Search Strategy Based On Space Clustering Property In Hilbert Curve Scanning Order
As mentioned before, we attempt in our algorithm to benefit from the space clustering property of the target image in the search of best matching pixels. To better realize this idea, we scan the target image in Hilbert filling curve order instead of in row-wise order. We choose to use Hilbert curve because of its well known power of preserving space clustering property. Basically, the strategy for finding best matching pixels can be described as follows. Scan the target image from the left upper in the order of Hilbert filling curve. For each pixel p to be colorized, except for the starting pixel since the color transfer is done once the best matching pixel is found. Let v be the latest colorized pixel, then v lies in the d-neighborhood of p in light of the scanning order. We distinguish three cases:
1. p and v have the same luminance. In this case, by virtue of the space clustering property, just transfer the color of v to p without searching the best matching pixel in the source image. 2. p and v differ slightly in luminance. Again, in view of the space clustering property, it suffices to look for the best matching pixel of p within some neighboring region of v's best matching pixel in the source image. That is to say, the similarity function E′ is to be minimized over only a smaller region instead of the whole image. 3. p and v differ largely in luminance. In this case, determine the best matching pixel of p by minimizing the similarity function E over the source image. This corresponds exactly to Step 3 in Welsh's algorithm but with a different similarity function.
Basic Steps Of The Proposed Algorithm
Suppose we have a target gray-level image T of size M × N and a source color image S. Let p i be the i-th pixel arranged in the Hilbert curve scanning order and denote its best matching pixel in the source image by q i , i = 1, 2, ……, M × N. The basic steps of our algorithm is as follows.
Step 1: Convert both source and target images from RGB to lαβ space [8] . To do so, convert first the images to LMS space using the following conversion:
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The data in this color space shows a great deal of skew, which we can largely eliminate by converting the data to logarithmic space:
Then, convert LMS space into Lαβ using the transformation:
Step 2: In order to create a better correspondence in the luminance range between the two images without altering the luminance values of the target image, the following luminance re-mapping on the source image is done [9] :
where µ, σ are the mean luminances and the standard deviations of the luminances, both taken with respect to luminance distributions in S and T respectively as indicated by the subscripts.
Step 3: For each pixel p i , distinguish different cases as follows: 1. if i = 1, then find the best matching pixel q i of p i using Welsh's similarity function (1); 2. if i > 1 and l t (p i ) = l t (p i -1) then ; 3. if i > 1 and , then locate q i by minimizing the new similarity function E′(q) within δ-neighborhood (δ = 9 ~ 15) of q i -1 ; 4. i > 1 and l t (p i ) -l t (p i -1), then locate q i by minimizing the new similarity function E′(q) over the source image or some of its randomly selected regions. Step 4: Color transfer from q i to p i while retaining l t (p i ) for p i :
Go to Step 3.
Step 5: Convert the colorized target image to the original RGB space using the following inverse transformations: and 4. EXPERIMENTS So far, no objective nor exact standard for evaluating the effect of colorizing a grayscale image has been available. Generally, the evaluation is based on human's visual perception which is believed to be subjective. Nevertheless, there exist some commonly accepted criteria for evaluation, including the coherence level in the low frequency regions, the clarity of boundaries, the smoothness and naturalness of color transition, etc.
In our experiments, both of our algorithm and Welsh's algorithm were tested on four pairs of images. In each pair, the source color image was chosen to be similar in nature to the target grayscale image [10] so that the influence on the final colorization effect induced by the difference between the two images could be negligible as compared to that produced by different algorithms. The basic settings are:
Example 4.1. The foregoing example is quoted here with a new image produced by our algorithm as shown in Fig. 3 . It can be seen that in our result, no blue spots appear on the grassplot except for a few blues in the road. Obviously, our result shows a better overall colorization effect than Welsh's result. Example 4.2. The source image in this example is a picture of blue sky at dusk with some clouds in jacinth as shown in Fig. 4 . In Welsh's result, we see lots of jacinth spots in the boundaries of clouds, interiors of some clouds and the part of sky on the left upper corner. Therefore, the overall visual effect is not quite satisfactory. In our result, a majority of these spots were removed, leading to a better colorization. leaves. This is not quite natural. In contrast, our result shows a good replication of the source image except for a small part of green on the tip of a piece of bottom petal. Example 4.4. The source image is a scenic of sunrise over the sea as shown in Fig.6 . It can be observed that there is little difference between Welsh's result and ours in the offshore part. But, in Welsh's result, there emerges unnatural color skip accompanied with obvious strip effect in the sky part over the sun, whereas the color transition in this part appears to be more smooth and more natural in our result. The experiments show that our algorithm remarkably improves Welsh's algorithm in colorization effect. As far as the computational complexity is concerned, although extra calculations are required to get the newly added color information in the new similarity function, our algorithm turned out to consume less time than Welsh's algorithm since taking advantage of the space clustering property in our algorithm largely reduces the search space for matching pixels. This can be partly verified by looking at Table 1 in which the CPU time for both algorithms to process the images in the above examples is given.
CONCLUSION
This paper demonstrates that neighbor relevant color information and the intrinsic space clustering property of the target image can be used to improve
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A new colorization algorithm based on dynamic neighbor-relevant chromatic channel information Welsh's algorithm in both colorization effect and computational complexity. Moreover, we foresee that the proposed similarity function and search strategy can easily be embedded into other colorization algorithms to improve their performance. Future research will focus on further improving the pixel matching mechanism and enriching the chromaticity of target images.
